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INTRODUCTION
Wind power has increased greatly in the past 30 years, especially in the Great Plains. While it is considered a more environmentally-friendly source of energy, wind energy production still has the potential to negatively impact wildlife and wildlife habitat. West Texas has been identified as a major source for future wind power and 2 Competitive Renewable Energy Zones (CREZ) have been identified in the Texas Panhandle region. The Panhandle region is also an important stronghold for lesser prairie-chickens (LPC) and as with many other grassland birds, LPCs have experienced population declines in the Southern Great Plains. This loss is mostly due to conversion of native grassland to cropland, extensive grazing, invasion of woody plants, and disturbance from energy development. Thus, the main objectives of this study were to determine the current density and distribution of LPC leks within the Texas Panhandle in relation to potential high priority wind energy development areas and to model habitat and anthropogenic characteristics associated with lek density.
METHODS
To estimate lek density and abundance in the Texas Panhandle, I used a line transect-based distance sampling from a Robinson 22 helicopter (hereafter, R22) to locate LPC leks. I conducted flights in spring 2010 and 2011 from sunrise to ≈2.5 hr postsunrise to coincide with peak LPC breeding activity. The surveys were flown at ≈15 m altitude and ≈60 km/hr, except when pilots had to adjust helicopter speed or height for safety concerns. The transects were flown from east to west in each survey block to take advantage of early morning sunlight. The surveys were occasionally shortened and completed transects on subsequent days in the event of unexpected inclement weather. When LPCs or leks were detected during a survey, the pilot flew over the detection to mark it with a waypoint and get an accurate count of the number of LPCs. I groundtruthed >50% of detections to verify breeding activity and obtain a more accurate LPC count and lek location.
I used the LPC range map developed by the interstate lesser prairie-chicken working group as our sampling frame. I divided the sampling frame into 285 survey blocks (5,184 ha each; Figure 1 ) and also divided the sampling frame into 2 portions for surveys during 2010 and 2011 (Figure 2 ). Each survey block was 7.2 × 7.2 km. These dimensions allowed for 18 400-m wide transects 7.2 km in length for each survey block. I divided the sampling frame into 4 separate strata in order to group similar sampling units and prioritize sampling areas. I ranked the 4 strata based on the greatest potential for wind energy development to impact LPC lek distribution.
The first stratum represented the portion of the study area which had the highest risk or greatest potential for wind energy development to impact LPC lek distribution (Table 1) . This stratum included portions of the study area where leks were most likely to occur and where wind energy development was most likely to occur. This stratum included survey blocks that were within a Competitive Renewable Energy Zone (CREZ) and had >50% native grassland or Conservation Reserve Program (CRP)/idle cropland. The highest priority ranking of 1 was assigned to this stratum and as such, this stratum received more survey effort than each of the other strata. The second stratum included survey blocks that had >50% native grassland or CRP/idle cropland, but were not within a CREZ (Table 1) . This stratum was issued a priority ranking of 2 and received slightly less survey effort than the first stratum, since the survey blocks were outside a CREZ and wind energy development was less likely. The third stratum included survey blocks that were not within a CREZ and composed of >50% shrubland. This stratum was issued a priority ranking of 3, since it was lower quality LPC habitat than the first 2 strata and not within a CREZ. The fourth received the least amount of survey effort with a priority ranking of 4. It included any survey blocks that were composed of >75% of a combination of native grassland-shrubland-grain field (30-50% native grassland, ≤50% shrubland, and >0% grainfield), regardless of CREZ association. This stratum had the least potential for wind energy development to impact LPC lek distribution, since it was comprised of lower quality LPC habitat.
I separated my data into 2 groups for analysis for each region: detections that were confirmed leks and all detections (i.e., lek and non-lek detections). To analyze the leks-only dataset, the individual lek was my sampling unit. For the all-detections dataset, each detection was a sampling unit and I analyzed my observations as groups of LPCs. I used the multiple covariate and conventional distance sampling engines in program DISTANCE 6.0 (Thomas et al. 2010 ) to analyze my data for both field seasons. For the leks-only dataset, my covariates included lek size, lek type, and survey date. We included lek size and lek type (i.e., man-made or natural) in the models because McRoberts et al. (2011a) determined that lek detectability was greater for man-made leks and larger leks. I included a quadratic term for survey date among my covariates because lek attendance peaks in the middle of the spring and the birds are less likely to flush during this period (McRoberts et al. 2011) . For the all-detections dataset, my covariates included lek confirmation, detection type, and survey date. Detections that were confirmed leks were assigned a 1 and non-lek detections were assigned a 0. For detection type, detections observed in a manipulated landscape (e.g., oil pad, grain field, or next to a stock tank) were assigned a 1 and detections observed in a natural landscape (e.g., grassland or shrubland) were assigned a 0. I examined several key function and series expansion combinations as recommended by Buckland et al. (2001) to determine which model(s) best described detectability. I model averaged as needed among the competing models (AIC c ≤ 2) to account for model selection uncertainty and estimate lek density and abundance for the sampling frame.
To model landscape characteristics and lek density, I selected11 vegetative and anthropogenic covariates that could influence lek density based on previous literature and my research objectives. I divided each survey block into 4, 12.96-km 2 quadrats and calculated landscape covariates for each quadrat. I developed 3 a priori model sets (Table 4 ). My vegetation model set included percent grassland (i.e., composed of native grassland, CRP, or idle cropland and comprising >80% of the total vegetation in a patch), percent shrubland (i.e., shrubs <5 m tall and comprising ≥20% of the total vegetation in a patch), percent grain field (e.g., corn, winter wheat, or grain sorghum), average grassland patch size (km 2 ), average shrubland patch size (km 2 ), and edge density of all patches (km/km 2 ). I also included a quadratic term with percent grassland and percent shrubland because previous literature has suggested that optimum LPC habitat consists of native grassland interspersed with some shrubland. My road model set included paved road density (km/km2), unpaved road density (km/km 2 ), and all road density (km/km 2 ). My energy model set included density of transmission lines ≥69 kv (km/km 2 ) and active oil and gas well density (wells/km 2 ). I did not include variable(s) in the same model which had a pair-wise correlation ≥ 0.50 to avoid problems with multicollinearity.
I analyzed my data using the package "unmarked" (Fiske and Chandler 2011) in program R (R Development Core Team 2011) which implements the multinomialPoisson mixture model (hierarchical distance sampling; Royle et al. 2004) . I binned the distance data into 7 intervals (e.g., 0-35 m, 35-50 m, 50-70 m, 70-90 m, 90-120 m, 120-150 m, 150-179 m) and used the half-normal model to describe the detection function. The 3 a priori model sets (vegetative covariates, road covariates, and energy infrastructure covariates) were used to model the lek density relationships. For the vegetation model set, I did not allow percent grassland, percent shrubland, average grass patch size, or average shrub patch size to appear together in the same model to reduce the complexity and avoid multicollinearity among the covariates. I determined competitive models as a model with AIC ≤ 2 and excluded models with uninformative parameters. I combined the top models from each set in a final model set along with a null model (Table 5 ). I evaluated goodness-of-fit of the best model(s) using a Freeman-Tukey chisquared procedure with 1000 bootstrap replicates (Fiske and Chandler 2011) . I created a lek density map in ArcGIS for each 12.96-km 2 quadrat covering the LPC range in Texas based on the model predictions. I estimated the total number of leks for the sampling frame and used the parametric procedure with 1,000 bootstrap replicates to estimate uncertainty in the lek abundance estimate (Fiske and Chandler 2011) .
RESULTS
I surveyed 105 blocks during spring 2010 (northeast region) and 103 blocks during spring 2011(southwest region). I surveyed a total distance of 26,810.9 km and covered 88.6% of the sampling frame and 61.6% of the Texas LPC occupied range. I detected LPCs within 160.5 m of transect in the northeast and 178.3 m in the southwest. I detected 66 LPC groups in the northeast; 35 were confirmed as leks, 10 were known leks, 1 detection was outside of the current LPC range in Texas, and 13 detections were within a CREZ. In the southwest, I detected 109 LPC groups; 61 were confirmed as leks, 15 were known leks, 4 detections were outside of the current LPC range, and 10 detections were within a CREZ. The average number of LPCs observed attending leks was 4.5 (SE = 0.670) and 5.2 (SE = 0.525) LPCs in the northeast and southwest, respectively. I found 1 model that was competitive for the leks-only dataset, the half-normal key function with lek size and lek type included as covariates (AIC c weight [w i ] = 0.235). Detectability was greater for natural leks and larger lek sizes. I found 2 competitive, parsimonious models for the all-detections dataset, the half-normal key function and cosine adjustment term (w i = 0.211) and the hazard rate key function with no adjustment (w i = 0.203). My lek and LPC density estimates for the sampling frame were 2.0 leks/100 km² (90% CI = 1.4-2.7 leks/100 km²) and 12.3 LPCs/100 km² (90% CI = 8.5-17.9 LPCs/100 km²), respectively (Table 2) . I estimated 1.0 leks/100 km² (90% CI = 0.6-1.7 leks/100 km²) for the first stratum and 2.4 leks/100 km² (90% CI = 1.5-3.8 leks/100 km²), 2.7 leks/100 km² (90% CI = 1.6-4.3 leks/100 km²), and 2.7 leks/100 km² (90% CI = 1.3-5.7 leks/100 km²) for the second, third, and fourth strata, respectively. My lek and LPC abundance estimates for the sampling frame were 293.6 leks (90% CI = 213.9-403.0 leks) and 1,822.4 LPCs (90% CI = 1,253.7-2,649.1 LPCs).
For the spatial modeling, I found 2 competitive models from the vegetation set: percent shrubland (AIC = 945.098, AIC weight [w i ] = 0.487) and percent shrubland + percent grain field (AIC = 946.558, w i = 0.235; Table 4 ). There was a quadratic relationship between lek density and percent shrubland, in which lek density peaked when ≈50% of a quadrat was composed of shrubland patches (Fig. 3) . The model containing percent grain field was ≤2 ΔAIC units of the top-ranked model and the parameter estimate did not differ from 0 for percent grain field (β = 0.689, SE = 0.917, P = 0.453); therefore, it was probably an uninformative parameter.
I found 2 competitive models from the road model set: paved road density + unpaved road density (AIC = 945.134, w i = 0.716) and unpaved road density (AIC = 946.988, w i = 0.284; Table 4 ). These 2 models were ≤2 ΔAIC units of each other; however both covariates were significant at α = 0.15 and therefore, both were informative. Unpaved road density was inversely related to lek density in the model with and without paved road density (β = -0.316, SE = 0.118, P = 0.008; β = -0.307, SE = 0.118, P = 0.010, respectively; Fig. 3 ) and paved road density was also inversely related to lek density (β = -1.228, SE = 0.641, P = 0.056).
I found 2 competitive models from the energy model set: transmission line density (AIC = 950.773, w i = 0.636) and transmission line density + active oil and gas well density (AIC = 9552.558, w i = 0.260; Table 4 ). However, the model that included active oil and gas well density was ≤2 ΔAIC units of the top-ranked model and the parameter estimate did not differ from 0 (β = 0.018, SE = 0.037, P = 0.633) indicating that model was likely spurious. The best model indicated an inverse relationship between lek density and transmission line density (β = -0.247, SE = 0.144, P = 0.086).
After combining top models from each model set, the most competitive model included percent shrubland + paved road density + unpaved road density (AIC= 938.926, w i = 0.826; Table 5 ). Goodness of fit test indicated good model fit (χ 2 = 0.864; P = 0.477). Based on this model, I estimated 248.5 leks (cv = 0.136) in the sampling frame and predicted higher lek density in the northeast and southwest regions of the Panhandle and lower lek density in the central region of the Panhandle (Fig. 4) .
DISCUSSION
I conducted the first randomized line-transect-based survey of the LPC range in Texas to provide lek density and population estimates. I detected 71 new leks, 5 LPC observations outside the occupied state range, and 23 observations within 1 of the 2 CREZs. These new leks and observations outside the occupied range probably would not have been detected by traditional road-based lek surveys. I also provided estimates of precision for the density estimates, which many previous population monitoring efforts have not done (McRoberts et al. 2011 ).
Lek size and lek type were the most influential covariates on lek detectability. McRoberts et al. (2011) also observed an increase in lek detectability with lek size, but they observed a higher detection probability for man-made leks, where my lek detectability was greater for natural leks. It seems intuitive that displaying LPCs would be easier to spot on manipulated landscapes void of vegetation, such as abandoned oil pads, and that windmills or stock tanks would provide a visual cue for observers looking for leks (McRoberts et al. 2011 ). However, Schroeder et al. (1992) did not detect 2 leks near a power line and windmill, and they concluded that lek detectability could be negatively influenced by landscape features that distract observers.
The abundance and density estimates from the literature differ from my estimates due to the techniques used to survey and estimate density and abundance. I accounted for incomplete detectability within my sampling frame and provided probabilistic sampling of potential habitat. In contrast, other estimates are derived from convenience-based sampling of higher-quality habitat that do not account for undetected individuals within the sampling frame. For example, Olawsky and Smith (1991) estimated LPC densities in the southwest Texas Panhandle and southeastern New Mexico that were >150 times more than my density estimates. They used a line-transect procedure to estimate density within their study area, but transects were restricted to roads and their surveys were conducted in some of the highest-quality LPC habitat. Davis et al. (2008) estimated an abundance estimate of 15,730 LPCs (range = 6,077-24,132 LPCs) for the Texas occupied range, but LPC density was assumed constant across the entire range for the state and their study areas were also higher-quality LPC habitat. In contrast, Hamilton and Manzer (2011) used point count surveys with distance sampling to estimate sharp-tailed grouse (T. phasianellus) lek density in east-central Alberta. Their regional density estimate was comparable to ours (2.6 leks/100 km 2 ; 95% CI=1.6-4.3 leks/100km 2 ). The conservation status of several prairie grouse populations requires more effective population monitoring, such as aerial lek surveys, and McRoberts et al. (2011) and Timmer (2012) demonstrate the effectiveness of such surveys. Lek detectability from aerial surveys can be improved by using helicopters instead of fixed-winged aircraft and restricting surveys to clear sunny mornings when visibility is greatest. I further suggest not flying when wind speeds are >32 km/hr because it is more difficult to control aircraft speed along transect and navigating turns over tall structures is more dangerous. Schroeder et al. (1992) observed a decrease in lek detection with an increase in helicopter speed, so flying transects ≤60 km/hr should improve detectability. I observed LPCs flushing more frequently later in the morning in response to the helicopter, so restricting surveys to ≈2.5 hr post-sunrise should minimize this disturbance response.
I recommend a few suggestions to ensure quality data and accurate estimates when distance sampling and helicopter surveys are implemented to estimate lek density and abundance. Critical assumptions must be met, such as complete detectability on the transect (Buckland et al. 2001) , which is possible with a helicopter. It is also important to mark where the birds flushed from and avoid re-counting flushed birds further on the transect (Buckland et al. 2001) . Observers can use rangefinders to measure distances to detections and clinometers to measure sighting angles, so distances can be estimated with trigonometry (Buckland et al. 2001) . However, I found that flying off-transect to a detected lek was more effective for obtaining an accurate location and count of LPCs at each detection. The distance data should be examined while the data are being collected so problems, such as heaping and spiking near the transect, can be corrected early on (Buckland et al. 2001) . Lastly, I included covariates that could have affected lek detectability, such as lek size, in order to improve precision of our density estimates.
With the spatial models, I learned that percent of the landscape composed of shrubland patches (i.e., shrubs <5 m tall comprising ≥20% of the total vegetation) was a significant predictor of lek density. Lek density peaked when ≈50% of the landscape was composed of shrubland patches (Fig. 3) . Low-growing shrubs are an important component of LPC habitat for nesting and brood cover, a seasonal source of insects and mast, and thermal cover (Applegate and Riley 1998 , Pitman et al. 2005 , Bell et al. 2010 ). For example, Applegate and Riley (1998) recommended 30-45% shrub composition for nesting, brood-rearing, and fall and winter foraging of LPCs. Woodward et al. (2001) found an association between declining LPC populations in New Mexico, Oklahoma, and Texas and less shrub composition and a greater rate in loss of shrubland. Radio-marked LPCs in a New Mexico and Oklahoma study occupied sites with a greater density of shrubs and had a higher survival rate for sites with >20% shrub cover (Patten et al. 2005) . Bell et al. (2010) similarly observed broods selecting for sites with greater shrub canopy cover in New Mexico.
Both paved road density and unpaved road density were included in our top model and both indicated an inverse relationship to lek density (Fig. 3) . According to Pruett et al. (2009) , highways do not appear to impede LPC movement, but the noise and traffic associated with highways may cause LPCs to avoid surrounding habitat. Niche modeling of leks in Kansas showed an increase in habitat quality with increasing distance from a highway (Jarnevich and Laubhan 2011), while a different study in Kansas showed an avoidance of paved roads by marked hens (Hagen et al. 2011) . Nests in Kansas were also located further than expected from paved and high-traffic graveled roads and distance to 2-track or ungraded service road was a significant predictor of nest success (Pitman et al. 2005) . Lesser prairie-chickens may avoid unpaved roads due to disturbance from agricultural or oil and gas traffic. In a natural gas field development region in Wyoming, Holloran (2005) observed a decline in greater sage-grouse (Centrocercus urophasianus) lek attendance with increasing traffic volume on main haul roads. In a separate study, Lyon and Anderson (2003) found sage-grouse hens nested further from disturbed leks (i.e., leks within 3 km of a natural gas well pad or road) than undisturbed leks, possibly due to an avoidance of vehicular traffic associated with the gas wells. Several studies have documented an avoidance of prairie grouse to oil or gas wells (e.g., Pitman 2005 , Hagen et al. 2011 ), but the activity associated with wells or roads may be the reason for avoidance behavior rather than the actual feature. Therefore, LPCs in my sampling frame may be responding to the vehicular traffic associated with oil or gas activity given that well density was not a significant predictor of lek density in this study.
Transmission line density was not included in my top model, but it was a significant predictor of lek density and indicated an inverse relationship to lek density. Other studies have documented an avoidance of transmission lines by prairie grouse. In an Oklahoma study, radio-marked LPCs avoided a power line by ≥100 m and few nests were found within 2 km of the power line (Pruett 2009 ). Hagen et al. (2011) examined the influence of anthropogenic features, such as transmission lines and oil or gas wells on hen habitat use and transmission lines were 1 of the most avoided anthropogenic features. Two separate studies in Kansas both documented avoidance of transmission lines and an increase in nesting or lek habitat quality with increasing distance from transmission line (Hagen et al. 2011, Jarnevich and Laubhan 2011) .
Based on my spatial models, higher lek densities in Texas could be achieved by maintaining ≈50% of the landscape as shrubland patches. This can be achieved through habitat management techniques, such as prescribed burns or light grazing, which create a heterogeneous habitat of shrubs, grasses, and forbs. The greatest predicted lek density estimates occurred in Gray, Hemphill, and Lipscomb counties in the northeast Panhandle and Bailey, Cochran, and Yoakum counties in the southwest Panhandle (Fig. 4) . Given that most of the leks were also detected in these counties, the construction or frequent use of roads for agriculture, oil or natural gas development, or other purposes, should be avoided in these areas to reduce negative impacts on LPCs. The construction of transmission lines for energy development should also be avoided in these areas. Regions in which predicted lek density is low (e.g., Carson county) may be better suited for energy development if it is imminent or habitat improvement projects to satisfy LPC management objectives. Wildlife managers and energy developers can also use these models to predict how lek density may change in response to habitat management strategies or activities promoting the construction or use of roads within the Texas occupied range. This information will be necessary if LPCs are federally-listed.
My study is unique in that I set up a formal study to provide spatial coverage of the entire sampling frame and used probabilistic sampling for the occupied LPC range in Texas. I accounted for incomplete detection of leks by modeling a detection function and was able to extrapolate the relationship between lek abundance and spatial covariates to the entire range in Texas (Buckland et al. 2001) . In contrast, the niche models predicting lek occurrence in Kansas are not based on a formal statistical design which can introduce sampling biases (Jarnevich and Laubhan 2011) . For example, most lek locations used were sampled from roads only. My study also highlights the need for similar modeling efforts of landscape features and lek density throughout the 5-state LPC range. My best model may not accurately predict LPC lek density in Colorado, Kansas, New Mexico, or Oklahoma because the type and intensity of anthropogenic activity and its impact on LPCs may vary greatly in other portions of the LPC range. Further, grazing intensity, fire frequency, soil types, local weather, and other factors can cause structural and compositional differences in vegetation throughout the LPC range. A regional habitatpriority map for LPCs throughout their range that is based on accurate models of lek density and landscape features is currently lacking. A consistent and detailed landcover layer for the entire LPC range is also lacking and would improve modeling efforts. Additionally, modeling lek density with change in habitat composition or anthropogenic features over time and examining spatially-explicit covariates at multiple scales could improve prediction of predict lek density in Texas and other regions (Woodward et al. 2001) .
COMPUTER MODELING
I used the multiple covariate and conventional distance sampling engines in program DISTANCE 6.0 (Thomas et al. 2010 ) to estimate density and abundance for my sampling frame. Density estimates for a study area are derived by estimating detection functions, which account for animals not detected in the survey area. Detection is modeled as a function of distance from detected objects to randomly-positioned transects or points and other covariates. Critical assumptions of distance sampling that need to be met: objects are detected on the transect line with certainty, objects are detected at their initial location, detected objects are independent, and distance measurements are recorded without error. For a full description of the mathematical modeling and more detailed theory behind distance sampling, see Buckland et al. (2001) . For more information regarding program DISTANCE, see Thomas et al. (2010) .
I used the package "unmarked" in program R (Fiske and Chandler 2011, R Development Core Team 2011) to model hierarchical relationships between lek abundance and landscape features in my sampling frame. I analyzed my spatial data using the "distsamp" function of package "unmarked" in Program R, which implements the multinomial-Poisson mixture model. I evaluated goodness-of-fit of the best spatial model(s) using the "parboot" function, which implements a Freeman-Tukey chi-squared procedure with 1000 bootstrap replicates. This method is a form of distance sampling (hierarchical distance sampling) in which models incorporate a detection function to estimate density and then relate landscape features to density; the same assumptions need to be met as with regular distance sampling. For a full description of the mathematical modeling and more detailed theory behind hierarchical distance sampling, see Royle et al. (2004) . For more detailed information on the package "unmarked" and related functions, see Fiske and Chandler (2011) .
ACCOMPLISHMENTS
My initial objectives were to determine the current density and distribution of LPC leks within the Texas Panhandle and to model habitat and anthropogenic landscape characteristics associated with lek density. To accomplish these objectives, my principle investigators and I set the following goals, which were met and completed by June 30, 2012 . Predicted lesser prairie-chicken (LPC) lek density for 12.96 km 2 quadrats covering the Texas occupied LPC based on a hierarchical distance sampling model. Whites areas inside the occupied range were classified as non-LPC habitat and were not included in the sampling frame.
